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ABSTRACT 
Reactive distillation (RD) integrates reaction and separation into a single process, resulting in 
dual process objectives: maximization of reactant conversion and product purity. Both the 
objectives, which are generally inconsistent, must be carefully considered in RD operation. 
Unfortunately, neither the conversion nor the purity is economically and reliably available. This 
work showed that the conversion could be inferred from multiple temperatures. A third-order 
two-variable nonlinear inferential model was recommended for synthesis of ethyl tert-butyl ether 
(ETBE) with a 10-stage RD column. The temperatures of the bottom reactive section and the 
reboiler were employed in the model. The experimental design, model identification and model 
test were investigated as well. 
 
INTRODUCTION 
The necessity of environmental protection cannot be overemphasized. The quality of 
gasoline, the energy source for most motor vehicles, directly affects environmental pollution. A 
significant step to improve the gasoline quality is the removal of lead by adding octane 
enhencers such as Methyl tert-butyl ether (MTBE). Another worldwide trend to further improve 
the gasoline quality is the introduction of oxygenates to substantially reduce emissions from 
motor vehicles. The principal oxygenates used today are MTBE and ethanol. MTBE, thus, has a 
dual environmental advantage. However, recent studies have indicated that MTBE is cancerous. 
Another fuel ether, Ethyl tert-butyl ether (ETBE), has been found to outperform MTBE. It is 
produced from renewable ethanol. Moreover, there has been no evidence that ETBE is 
cancerous.  Thus, ETBE is a potential alternative to MTBE in spite of its higher cost at present. 
Reactive distillation (RD), which combines the functionality of reaction and separation, is a 
new and attractive technology for fuel ether synthesis. Recently, it has also been found to have 
potential to produce high quality ETBE. But it behaves with extra complexity, which reduces the 
process controllability and operability significantly, especially during start-up. Unlike a 
conventional etherification process in which reactant conversion and product purity can be 
respectively controlled, a RD process has dual process objectives: maximization of conversion 
and purity. Except in the case that the purity is the priory objective, both the conversion and the 
purity, which are usually inconsistent, must be carefully considered in RD operation. Without 
sacrificing the purity, a high conversion is always expected. This largely depends on high 
performance closed-loop controls of both conversion and purity.  
Unfortunately, either the conversion or the purity cannot be economically and reliably 
measured on-line and in real-time. A method to overcome this difficulty is to indirectly control 
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them through controlling other variables say some temperatures, which can be considered as 
indicators of the conversion and purity. But this method is limited by the availability of a one-to-
one relationship between a single temperature and the conversion or purity. An alternative 
method is to infer the conversion or purity from multiple temperatures and then to implement 
control. This has been discussed by Sneesby et al. (1999) with a two-term linear inferential 
model. The main difficulty of using linear model is the nonlinearity in the RD process. This 
problem also exists in composition estimation for conventional distillation processes (Mejdell 
and Skogestad 1991a, 1991b).  
This work addresses the inference of the reactant conversion of ETBE RD from multiple 
temperatures. A 10-stage ETBE RD pilot plant process is considered. Linear inference is 
discarded in favor of nonlinear inference for the RD process. 
 
PROCESS DESCRIPTION 
A pilot plant ETBE RD column with a total condenser and a partial reboiler is shown in Fig. 
1. It consists of ten stages with a total height of 4.1m and a diameter of 0.15m. Transmitters are 
installed to measure temperature, flow, pressure, and level variables. The reactive section 
contains catalyst Amberlyst 15TM. ETBE is produced from ethanol and a mixed C4 olefin stream 
with isobutylene of about 40%. This process has been modeled by Sneesby et al. (1997a, 1997b).  
In ETBE synthesis, the dominant reaction is the exothermic, reversible etherification of 
ethanol and isobutylene to form ETBE: 
(CH3)2C=CH2 + C2H5OH  (CH3)3COC2H5.                                 (1) 
There are two side reactions, the dimerisation of isobutylene to form isobutanol and the 
hydration of isobutylene to form di-isobutylene, which could be neglected in the study of process 
control due to their minor effects on process dynamics. A set of typical operating conditions of 
the process is shown in Table 1.  
 
COLLECTION OF PROCESS DATA 
In development of an inferential model for conversion, either simulation data or real plant 
data can be employed, as indicated by Sneesby et al. (1999). The simulation data contain model 
mismatch but are free of measurement errors, which may be present in plant operation. In 
addition, with a good process model, it is easy to change operating conditions in simulations to 
obtain process data that cover the entire operating range. This work is based on simulations.  
There are two main types of models for RD processes: equilibrium (EQ) models and non-
equilibrium (NEQ) models (rate-based models). All RD processes are certainly rate-based in 
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nature. The main advantage of the NEQ models is the avoidance of using efficiencies (for tray 
columns) and HEPTs (for packed columns). However, such models for RD are still in the 
development stage. The key drawback of the models is the difficulty of determining the large 
number of parameters. In addition, they are more complicated than EQ models and require the 
specification of design parameters such as packing type and shape (Pilavachi et al. 1997). This is 
why most of the available models are EQ-based. The equilibrium-based process model by 
Sneesby et al. (1997a, 1997b) is adopted here.  
As shown in Fig. 1 for the considered process, six temperatures are available, which are 
denoted here by x with a subscript of the stage number. Condenser temperature x1 and top 
column temperature x2 are not suitable for conversion inference as they behave with small 
variations for a wide range of operating conditions. It may be difficult to distinguish these 
variations from noise. x1 and x2 were, therefore, excluded in conversion inference. The other four 
temperatures (x3, x5, x8, and x10), i.e., the top and bottom reactive section temperatures, the 
temperature of stage 8, and the reboiler temperature, were considered as independent variables to 
infer the conversion. Different combinations of these four temperatures were studied. 
In the simulations, the feed temperature was assumed to be 25C. The overhead pressure was 
kept to be constant (950kPa) through adjusting the condenser duty. Changes were made in 
reboiler duty from 7.5 to 9.0 kW, in reflux rate from 2.0 to 3.0 L/min, and in feed rate from 6.2 
to 7.4 L/min. The commercial software of SpeedUp for VMS was used to simulate the process. 
54 observations spanning the significant operating range were generated for model identification. 
Fig. 2 was drawn from these observations, where 13 and 18 observations were respectively used 
to show the relationships of conversion versus reflux rate without changes in reboiler duty and 
conversion versus reboiler duty without changes in reflux rate. The simulation results clearly 
showed multiplicity behaviors of the RD process (Jacobs and Krishna, 1993). In addition to the 
above mentioned data, 33 more observations were produced for model testing, where reflux 
ratio, instead of reflux rate, was made to change from 4.0 to 7.0.  
 
CONVERSION INFERENCE 
Regression method was employed to derive the inferential model. The model identification 
and model test were carried out using Matlab software. Selected results were shown in Table 2, 
where the first 18 candidates were two-variable models, while the last 8 candidates corresponded 
to three-variable models. 
If the model is limited to be linear, M2 and M3 are good choices with higher correlation 
coefficients and lower standard deviations. This is consistent with the results of Sneesby et al. 
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(1999) in different operating conditions. The performance difference between M2 and M3 is 
small. M2 and M3 are respectively given by 
M2:  10.3981818.0 3236.4 83  xxy ,                               (2) 
M3: 68.3412019.0 6751.3 103  xxy .                               (3) 
where y denotes the conversion. These models imply that an increase of 1C in x3 or x4 will lead 
to a decrease of about 4mol% in conversion, while an increase of 1C in x8 or x10 will result in an 
increase of about 0.2mol% in conversion. The model M2 is chosen for performance comparison 
with higher-order or three-variable models.  
The inference accuracy can be largely improved if nonlinear terms are introduced. It is seen 
from Table 2 that except M12, all other second-order two-variable models, i.e., M7 through 
M11, are superior to the above mentioned two-variable linear models M2 and M3 according to 
the correlation coefficients and the standard deviations. Surprisingly, the best choice among 
these models is M7, a nonlinear combination of two reactive zone temperatures, x3 and x5. M7 is 
given by 
M7: y = 0.2957 23x +2.9304x3 –0.5007x3x5+35.3765x5+0.0088
2
5x –1666.85.                (4) 
The correlation coefficients of M7 for both fitting and testing reach about 0.9990, compared to 
0.9924 for fitting and 0.9963 for testing in M2. The standard deviations are reduced to about half 
of those of M2. 
The inferential model performance can be further improved by introducing third-order 
terms. As shown in Table 2, third-order two-variable models M13, M16, and M17 outperform 
the best second-order model M7, although the other third-order models are also acceptable. The 
reasonable choice among these three models is either M16 or M17, which give very good 
performance with the correlation coefficients larger than 0.9994 and the standard deviations less 
than 0.47. M16 and M17 are respectively described by 
 M16: y = –0.0045340 35x +1.242285
2
5x +89.1038x5 –0.0003891
2
5x x8–0.375650x5x8+ 
0.0018989x5
2
8x +35.3817x8–0.18718
2
8x +0.0001401
3
8x +1513.91,            (5) 
 M17: y = –0.0046681 35x +1.569083
2
5x –216.3114x5 –0.0025049
2
5x x10+1.119566x5x10– 
0.0023692x5
2
10x –62.8709x10+0.12076
2
10x +0.000155
3
10x +9173.63.         (6) 
There is only a small performance difference between M16 and M17. M16 is a nonlinear 
combination of x5 and x8, while M17 is a nonlinear function of x5 and x10. Because x10 is already 
measured for other reasons, M17 is recommended for the conversion inference. The 
measurement of x8 is thus unnecessary for the inference.  
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For both model fitting and testing, the correlation coefficients of the recommended model, 
M17, are sufficiently high (0.9996) and the standard deviations of the model are sufficiently 
small (less than 0.41). Due to inevitable measurement noises, there is no necessity to further 
increase the model order.  
The results of three-variable linear and nonlinear inferential models are also shown in Table 
2. Compared with the two-variable linear model, M2, the best three-variable linear model, M21, 
has only limited performance improvement. A second-order three-variable nonlinear model and 
a third-order two-variable nonlinear model have the same number of parameters and thus are 
comparable. Compared with the recommended M17, the best second-order three-variable 
nonlinear model, M24, has only limited performance improvement while an extra temperature is 
required. A three-variable model is, therefore, not recommended.  
To illustrate the inferential performance of M17, the recommended third-order two-variable 
inferential model, predictive conversion values are computed with the model and then compared 
with the actual values for 54 observations for model identification and 33 observations for model 
testing, respectively. Plots of the observations are respectively depicted in Figs. 3 and 5. The 
prediction error is defined as  
Prediction error = actual value - predictive value.                             (7) 
Portraits of prediction errors for the two sets of observations are shown in Figs. 4 and 6, 
respectively. It is clearly seen from these figures that the prediction errors are quite small, 
illustrating the good inferential performance of the proposed model. 
 
CONCLUSIONS 
The unavailability of the reactant conversion of a RD process results in the difficulty of 
high-performance closed-loop conversion control. This work showed that the conversion could 
be inferred from multiple process temperatures. For a 10-stage ETBE RD pilot plant process 
with six temperature measurements, a third-order two-degree nonlinear inferential model was 
developed to infer the reactant conversion with sufficiently high accuracy. The two temperatures 
employed in the model were the bottom reactive section temperature and the reboiler 
temperature, respectively. Thus, the temperature measurement of stage 8 was not necessary for 
the conversion inference. It was also shown that no higher-order or three-variable model was 
needed for the reactant conversion inference.  
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Captions of Illustrations 
 
Table 1. A set of typical operating conditions. 
Table 2. Selected regression results. 
 
Fig. 1. A 10-stage ETBE RD column (T, F, P, L: transmitters of temperature, flow, pressure, and 
Level variables). 
Fig. 2. Conversion versus temperatures, reflux rate, and reboiler duty. 
Fig. 3. A plot of 54 observations for model identification: conversion versus x5 and x10. 
Fig. 4. Error of M17 for the data of Fig. 3. 
Fig. 5. A plot of 33 observations for model testing: conversion versus x5 and x10. 
Fig. 6. Error of M17 for the data in Fig. 5. 
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Table 1. A set of typical operating conditions. 
 
Feed composition (%): ETBE: 29.1; ethanol: 9.1; 
isobutylene: 7.3; n-butylenes: 54.5 
(stoichiometric excess ethanol: 5.0) 
Feed rate (L/min) 0.76 Distillate rate L/min) 0.45 
Feed temp. (C) 25 Reflux rate (L/min) 2.5 
Reboiler duty (kW) 8.36 Bottoms rate (L/min) 0.485 
Isobutylene conversion (mol%) 98.24 
Bottoms ether purity (mol%) 94.03 
Distillate ethanol purity (mol%) 0.79 
Condenser temperature (C) 74.2 
Top reactive section (stage 3) temperature (C) 75.0 
Bottom reactive section (stage 5) temperature (C) 80.5 
Middle stripping section (stage 8) temperature (C) 134.1 
Reboiler temperature (C) 156.4 
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Table 2. Selected regression results. 
Model  
and  
Variables 
Max 
Orders 
Correlation 
coefficients 
Standard 
deviations 
Fitting testing Fitting testing 
M1: x3x5 1 0.9634 0.9789 2.9362 2.8431 
M2: x3x8 1 0.9924 0.9963 1.3516 1.1973 
M3: x3x10 1 0.9904 0.9925 1.5124 1.6558 
M4: x5x8 1 0.9316 0.9234 3.9826 5.1808 
M5: x5x10 1 0.9066 0.9121 4.6223 5.5484 
M6: x8x10 1 0.7175 0.7528 7.6289 8.9011 
M7: x3x5 2 0.9991 0.9989 0.4773 0.6433 
M8: x3x8 2 0.9955 0.9963 1.0407 1.1848 
M9: x3x10 2 0.9976 0.9966 0.7531 1.1750 
M10: x5x8 2 0.9958 0.9954 1.0031 1.4049 
M11: x5x10 2 0.9937 0.9933 1.2316 1.6208 
M12: x8x10 2 0.9599 0.9478 3.0704 4.3971 
M13: x3x5 3 0.9993 0.9992 0.4188 0.5349 
M14: x3x8 3 0.9982 0.9971 0.6524 1.0851 
M15: x3x10 3 0.9990 0.9991 0.4983 0.5996 
M16: x5x8 3 0.9997 0.9994 0.2862 0.4601 
M17: x5x10 3 0.9996 0.9996 0.2996 0.4008 
M18: x8x10 3 0.9943 0.9917 1.1688 1.8237 
M19: x3x5x8 1 0.9936 0.9954 1.2413 1.3219 
M20: x3x5x10 1 0.9922 0.9950 1.3692 1.3466 
M21: x3x8x10 1 0.9948 0.9968 1.1140 1.0838 
M22: x5x8x10 1 0.9316 0.9231 3.9805 5.1920 
M23: x3x5x8 2 0.9997 0.9996 0.2666 0.3851 
M24: x3x5x10 2 0.9998 0.9997 0.2427 0.3193 
M25: x3x8x10 2 0.9995 0.9995 0.3586 0.4672 
M26: x5x8x10 2 0.9992 0.9993 0.4313 0.5190 
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Fig. 2. Conversion versus temperatures, reflux rate, and 
reboiler duty. 
 
 
 
Fig. 3. A plot of 54 observations for model identification: conversion versus x5 and x10. 
 
 
 
Fig. 4. Error of M17 for the data of Fig. 3. 
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Fig. 5. A plot of 33 observations for model testing: conversion versus x5 and x10. 
 
 
 
 
 
 
 
Fig. 6. Error of M17 for the data in Fig. 5. 
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